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A. Discussions

A.1. Scaling Behavior on Different Architectures

We observe that 3D generation architectures differ substan-
tially in their scaling behavior. Models without explicit lo-
calizable guidance (e.g., VecSet-based) scale much less ef-
fectively than those equipped with it, such as our proposed
VoxSet architecture. Here, we provide a thorough analysis
and accompanying demonstrations.

Model Scaling on Parameters. Our first observation is
that VecSet models hardly benefit from an increased num-
ber of parameters. To investigate this, we compare three
popular VecSet models of different sizes: Hunyuan3D-2-
mini [3] (0.6B), Hunyuan3D-2 [9] (1.1B), and Hunyuan3D-
2.1 [2] (3B). The visual comparison is shown in Fig. 1 (top
row). Surprisingly, the three results are largely similar, with
Hunyuan3D-2-mini (0.6B) even showing slightly better per-
formance. This suggests that increasing model size may not
play a decisive role for VecSet-based architectures. In con-
trast, we find that the proposed VoxSet models consistently
benefit from increased model size. To demonstrate this, we
train three models of different sizes (0.6B, 1.9B, and 4.5B).
The generated results are shown in Fig. | (bottom row). It
can be observed that as the number of parameters increases,
the outputs exhibit more details, with sharper, smoother, and
more regular structures.

Overall, these results demonstrate the effectiveness of
the proposed VoxSet architecture, revealing that proper con-
ditioning is a key factor in unlocking the benefits of model
scaling. In other words, larger models are useful only when
there is a clear correspondence between conditions and out-
puts; otherwise, increasing the number of parameters pro-
vides little advantage, as the model is more good at memo-
rizing rather than abstracting and reasoning. From the data
perspective, the difference in scaling behaviors could also
be explained by the lack of large-scale 3D data. We need
more data to cover mappings with higher degrees of free-
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Figure 1. Illustration of the effect of model scaling (in parameters)
on performance. VecSet models show limited improvement as
parameters increase, whereas larger VoxSet models produce finer
and more detailed results.

dom, such as those with fewer conditions.

Test Time Scaling on Tokens. Previously, we demon-
strated that our model exhibits a strong test-time scaling ef-
fect on shape tokens in Sections 1 and 3.2. Specifically,
the model trained with a maximum token length of N can
be directly evaluated using 2N, 3N, or even more tokens
during inference—no additional training or configuration
is required. Similar to model scaling, we here compare
the test-time scaling behaviors of VecSet models and our
VoxSet models, with results presented in Fig. 2. The Vec-
Set model was trained with 4096 tokens, while our VoxSet
model was trained with 6144 tokens. We evaluated their
generation performance at token lengths of 1N, 2N, and 4N.
As observed, the VecSet model benefits slightly from scal-
ing tokens to 2N (e.g., improved round structures on the
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Test-time Scaling of VecSet =

Figure 2. Illustration of the effect of test-time scaling (in shape to-
kens) on model performance. VecSet models exhibit limited gains
as the number of tokens increases, showing early saturation. In
contrast, VoxSet models consistently benefit from higher token
counts, producing finer details and demonstrating stronger scal-
ing capability. * indicates the token count used during training.

body), but further scaling yields negligible gains. In con-
trast, our VoxSet model consistently benefits from increased
token counts: it shows improvements when scaling from N
to 2N, and further gains when scaling from 2N to 4N. No-
tably, more tokens directly translate to richer details.

In general, the token scaling capability of both VecSet
and VoxSet models originates from their ability to perform
arbitrary-resolution autoencoding. During VAE training,
we randomly sample queries across the entire 3D voxel grid
or object surface—this process acts as a form of random
dropout for full-token training. As a result, our VAE in-
advertently acquires the ability to encode objects with any
token length, even though this property was not an explicit
design goal. The same principle applies to DiT training:
the random selection of queries also endows DiT with test-
time scaling capability. Notably, VoxSet exhibits a more
pronounced scaling effect, which can be attributed to its
stronger correspondence between query locations and con-
tent. During training, the transformer learns to model the
relationship between spatial positions and the tokens that
should be generated at those positions.

A.2. Representation Centric to Generation Centric

In this paper, our model challenges two common takes,
which is largely from the view of representation, includ-
ing (1) Global vs Local: “VecSet is global that is better for
overall shape and sparse voxel is local which is more suit-
able for details”, and (2) Structural Sparse Grid vs Unstruc-
tural Set: “the sparse voxel is structural which is better for
editing and other downstream tasks, VecSet is unstructural
for these tasks.”

Localizable Code is All You Need. It is evident that
we can combine the strengths of both approaches through
the proposed VoxSet—a semi-structured set-based repre-
sentation that encodes global information. Nevertheless,
we wish to emphasize that while these two common per-
spectives hold true to some extent, critical nuances remain.
From a generation standpoint, the key to better generation
performance lies in localizability: specifically, strong guid-
ance that is accessible during test time. Locality may offer
advantages for compression efficiency and reconstruction
quality, but it is not the primary factor for generation tasks.
Regarding structure, sparse voxels are inherently structural,
a property that benefits many tasks. However, this does not
mean VecSet lacks structure. In fact, VecSet inherently con-
tains structural information. Its only limitation is that this
structure cannot be identified during test time. Thus, we
propose VoxSet to circumvent this issue.

B. Implementation Details

Training Setup. To evaluate the scaling effect of the pro-
posed architecture, we train several models of various sizes,
including a medium model (0.6B parameters), an XL model
(1.9B), and an XXL model (4.5B). Unlike CLAY [8], we
do not adopt progressive model scaling; instead, all mod-
els are trained from scratch. Instead, we employ a multi-
stage token scaling strategy. Within each stage, we use a
constant learning rate with a linear warm-up, while grad-
ually decreasing the base learning rate across stages from
1 x107% to 1 x 1075, The batch size is maximized to fit
GPU memory, reaching up to 2048 in our experiments. We
utilize ZeRO-based optimizer, gradient, and parameter par-
titioning from DeepSpeed [7] to efficiently train large mod-
els on a distributed GPU cluster. All models are trained us-
ing the flow matching objective with a linear coupling plan,
following the formulation in SiT [6]. Additionally, to en-
able classifier-free guidance [1], we randomly replace con-
ditioning embeddings with zero embeddings at a probability
of 10% during training.

Data Preparation. We utilize a subset of the dataset
from HY3D-2.0, which includes roughly 1100k objects.
Over 70% are filtered from Objaverse-XL, and the rest are
from other trivial sources. Our data processing pipeline
mainly includes three steps, (1) data filtering; (2) water-



tighting; (3) point-cloud sampling and SDF extraction. We
apply extensive data filtering to improve the quality of
the dataset, which includes removing Al-generated assets,
scanned assets, extreme complex scenes, and assets with
plane. We randomly sample millions of point cloud during
the training, and split them into chunks to accelerate data
loading.

C. Post-Training

High-Quality Finetuning. We introduce an additional fine-
tuning stage with very high-quality data, which helps in im-
proving details generation. All parameters in DiT are up-
dated with a small learning rate. We filter the high-quality
data by a combination of criterions including the number of
faces, the number of sharp edges, and reconstruction qual-
ity, resulting in roughly 15k samples.

Model Acceleration. We adopt FlashVDM [3] to accel-
erate the geometry VAE decoding. For diffusion sampling,
benifit from strong structure guidance from RoPE, we find
that our models are inherent few-step generators. Neverthe-
less, we still perform guidance distillation and step distilla-
tion to further reduce the sampling cost.

D. User Study Setting

To evaluate the perceptual quality of the generated results,
we conducted a large-scale user study consisting of approxi-
mately 500 questions. For each question, three independent
participants were asked to rank all the presented results ac-
cording to their visual quality or fidelity. Each question dis-
played outputs from all compared methods in a randomized
order to ensure fairness. Finally, we aggregated the rankings
across all participants and questions to compute the winning
rate of each method, which reflects its overall preference by
human evaluators.

D.1. More VAE Evaluation

Clarification on VAE Performance. SparseFlex’s under-
performance (metrics) stemmed from the 1/1536 resolution
testing, which caused significant mesh fragmentation and
holes in thin structures. Therefore, we re-evaluated at 1/512
thickness.

Resolution | TripoSF  Ours
1/1536 90.94  98.53
1/512 97.25 98.46

Table 1. F1 score between SparseFlex and our method.

Visual Comparison. We observe that our reconstruction
outperforms all prior vecset-based methods and is competi-
tive with sparse-voxel approaches, although it does not sur-
pass them. As illustrated in Fig. 3, performance is generally
comparable in most cases (see the first row). However, our
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Figure 3. Visual comparison of reconstruction results.

method struggles with very small faces, while it performs
particularly well on more challenging (‘“hard”) facial cases.
Overall, the primary advantage of our VAE lies in genera-
tion (DiT training) rather than reconstruction.

D.2. Limitations and Future Work

While our method achieves strong results, there remains
room for improvement in handling high-resolution visual
inputs more effectively. Future work may explore multi-
scale or adaptive patching schemes for more effective high-
resolution image conditioning [4, 5]. Besides, it would be
interested and valuable to explore the way to compress ir-
regular data via VoxSet, which is typically awkward for
sparse grid methods.



Figure 4. More visual results for image-to-geometry generation of LATTICE.
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